OBJECTIVE . We compared multiple neural networks with a density mask for the automatic detection and quantification of ground-glass opacities on high-resolution CT under clinical conditions. SUBJECTS AND METHODS . Eighty-four patients (54 men and 30 women; age range, 18-82 years; mean age, 49 years) with a total of 99 consecutive high-resolution CT scans were enrolled in the study. The neural network was designed to detect ground-glass opacities with high sensitivity and to omit air-tissue interfaces to increase specificity. The results of the neural network were compared with those of a density mask (thresholds, -750/-300 H), with a radiologist serving as the gold standard.
everal attempts have been made to use texture analysis techniques for the automatic segmentation of CT scans [1] [2] [3] [4] . Classic statistical methods may include the parameters of first-, second-, and third-order statistics and other composite or custom-made texture parameters. Their disadvantages include the extensive training required before automated or semiautomated segmentation, evaluation of potential usefulness of a particular parameter only after implementation, and cumbersome and time-consuming adaptation to new segmentation tasks. Conversely, neural networks are promising for a modular approach to the segmentation of CT scans. We applied self-organizing neural networks, so-called Kohonen-feature maps [5] , that use the pixel information of CT scans, such as density, or first-and second-order statistics as input [6] . For the first clinical application, we chose the quantitative assessment of ground-glass opacities on high-resolution CT scans. The neural network should "preinterpret" the scans to assist the radiologist in making a diagnosis and in determining the extent of ground-glass opacities. For this screening purpose, high sensitivity and high negative predictive value are required, and quantification is essential for follow-up examinations. In this prospective study, we investigated the usefulness of the hierarchic network of multiple neural networks for the automatic detection and quantification of ground-glass opacities under clinical conditions. A currently available and easy-to-implement approach to detect ground-glass opacities is an appropriate density mask that can be used as a reference technique to evaluate the improvement obtained by the neural network. The assessment of a radiologist served as the gold standard. total of 99 consecutive CT scans were prospectively enrolled in the study, which was approved by the appropriate institutional review board. Informed consent was obtained for further processing of clinical and imaging data. The patients were referred for CT for the following clinical reasons: suspected pneumonia in patients at risk ( n = 73), fibrosis or alveolitis ( n = 23), acute respiratory distress syndrome ( n = 1), pulmonary congestion ( n = 1), and postradiation pneumonitis ( n = 1). Follow-up studies were examined for nine patients (4 had 2, 4 had 3, and 1 had 4 examinations performed). The prevalence of disease-related ground-glass opacity was estimated to be approximately 50%. High-resolution CT was performed on a Somatom plus S scanner (Siemens Medical Systems, Erlangen, Germany) with 137 kV, 210 mAs, a 1-mm section thickness, a 10-mm increment, an acquisition in maximum inspiration (1 sec), a reconstruction with a high-frequency algorithm (ultrahigh), and a mean field of view of 360 mm 2 . From all studies, three scans were selected for segmentation. Intentionally, one scan was obtained from the upper (apex to the carina), middle (carina to the lower lung veins), and lower lung fields (lower lung veins to the diaphragm). Scans with severe pulsation or respiration artifacts were excluded. The data were transferred onto a PCbased workstation (Pentium [200 MHz, 32MB of RAM]; Intel, Feldkirchen, Germany) for postprocessing. The technical details for image segmentation, development, implementation, and testing of the neural network have been published elsewhere [6] . In summary, a hierarchy of a CT scan, two receptive fields, three neural networks, two contrast parameters, and one expert rule was built. The receptive fields consisted of 5 × 5 pixels for networks 1 and 2 and of 9 × 9 pixels for network 3. Network 1 had 15 × 15 neurons and divided the image into ground-glass pixels and non-groundglass pixels with high sensitivity by identifying the density range from -750 to -300 H without explicit textural parameters. However, network 1 could not discriminate homogeneous areas of ground-glass opacity from other contrast-rich opaque areas close to high-attenuation structures, such as bronchovascular bundles [6] . Networks 2 and 3, both with 10 × 10 neurons, were used to detect these contrast-rich opaque areas using contrast as an explicit textural parameter; the networks identified density differences between pixels as a measure of the amount of contrast in the receptive field, and large differences corresponded to increased contrast. The different sizes of the receptive fields of networks 2 and 3 were used to account for contrast in small and large environments. Therefore, contrast richness was detected as a more local and a more mid-range feature to segment (e.g., smaller and larger vessels). An equation (expert rule) combined the three networks: Ground-glass pixels = network 1 positive pixels -network 2 positive pixels -network 3 positive pixels. For the first evaluation, the neural network computed the total number of pixels classified as ground-glass opacity. The lungs were segmented semiautomatically (thresholds, -1024/ -200 H), and the percentage of lung area affected was calculated. For comparison, a density mask purely based on the predefined ground-glass opacity thresholds (-750/-300 H) was applied, and the percentage of the affected lung area was calculated. Values for agreement and disagreement were computed. On the basis of former experience, we considered the neural network superior to the density mask, and differences between the two indicated gains of the neural network in sensitivity (areas detected only by the network) and specificity (areas detected only by the density mask). For the second evaluation, an experienced chest radiologist served as the gold standard. Initially blinded to the results of the neural network and the density mask, the chest radiologist visually evaluated the presence and extent of ground-glass opacity on a workstation using different window settings. The color-coded segmentation of the neural network was then displayed on the monitor. The same radiologist visually estimated the size of the area with a false-negative or a false-positive classification of ground-glass opacity. This measurement was given as a percentage (to the nearest 5%) of the area truly showing ground-glass opacity (gold standard). Afterward, the same procedure was repeated for the density mask, and the percentages for truepositive and true-negative findings were computed. Then sensitivity, specificity, positive predictive value, negative predictive value, and accuracy were calculated on a per-scan and per-patient basis. Differences between the upper, middle, and lower lung fields were noted. The reasons for false-positive findings, such as partial volume effects, respiratory motion, or cardiac motion were recorded. The percentage of true-positive findings corresponding to dependent opacities was also noted. The Wilcoxon's rank sum test was used for statistical evaluation. A probability of error for the entire set of less than 5% was regarded as significant ( p < 0.05; Bonferroni adjustment for multiple comparisons: cutoff, 0.004).
Subjects and Methods
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Results
Semiautomated segmentation of lung required approximately 2 min per scan, and automated segmentation of ground-glass opacity required approximately 5 min per scan for the neural network and approximately 10 sec for the density mask.
In the first evaluation, the neural network classified 6% of the total lung area as ground-glass opacity (Table 1) . Ground-glass opacity was least frequent in the upper lung (5.1%), more frequent in the middle lung (6%), and most frequent in the lower lung (6.9%). An average of 4.7% was also detected by the density mask. An average of 1.3% was detected solely by the neural network (Fig. 1) on the basis of textural properties. This percentage represents the increase in sensitivity by the neural network. The density mask classified 22% of total lung area as groundglass opacity, and 17.3% was detected solely by the density mask without textural features characteristic of ground-glass opacity (Table  1) . We considered the neural network superior to the density mask, and false-positive areas detected by the density mask were omitted; they represented the increase in specificity by the neural network (Figs. 2 and 3) Other abnormalities with a higher increase in density, such as masses or consolidations, were not categorized as ground-glass opacity by the network (Fig. 1) .
In the second evaluation, the neural network had a sensitivity of 99%, specificity of 83%, positive predictive value of 78%, negative predictive value of 99%, and accuracy of 89% for the area involved with ground-glass opacity when compared with the gold standard (Tables 2 and 3 ). Sensitivity and negative predictive value did not vary between the upper, middle, and lower lung fields, whereas we noted a decrease in specificity, positive predictive value, and accuracy from the upper to the lower lung fields. This decrease was caused by a significant increase in false-positive findings (overall 21.4%) from the upper lung fields (11.2%) to the middle (21.9%) and lower lung fields (27%) ( Table 2 ). The false-positive findings were caused by partial volume effects of bronchovascular bundles, lung veins, pericardium, or pleura and pulsation artifacts. Of the truepositive findings, 9.6% corresponded to dependent opacities. All scans with groundglass opacities were identified by the neural network. With regard to the lung area, falsenegative findings averaged 1.1% with a maximum of approximately 5% on images with extensive ground-glass opacity.
The density mask was inferior to the neural network with a sensitivity of 89%, specificity of 55%, positive predictive value of 18%, negative predictive value of 98%, and accuracy of 58% (Table 3 ). The high number Kauczor et al.
of false-positive findings was caused by the fact that the density mask outlined almost every air-tissue interface (bronchovascular bundles, interlobular septa, and pleura). The neural network was also used for follow-up examinations. Resolution of groundglass opacities was found in three patients in whom fever had disappeared. Despite persistent fevers, five other patients no longer had large areas of ground-glass opacity (>1% of total lung area) on any CT scans. In these patients, nonspecific ground-glass opacity was no longer thought to be related to the cause of the fever. A patient with alveolitis showed stable disease without a change in groundglass opacities; this finding correlated with clinical findings.
Discussion
A self-organizing neural network was implemented for the automated segmentation and quantification of ground-glass opacities on high-resolution CT scans of the lung. Because of high sensitivity and high negative predictive value, it can be used in the clinical environment for the preinterpretation of high-resolution CT scans. When compared with a density mask, the neural network showed a marked improvement in specificity, positive predictive value, and accuracy.
Until now, applications of artificial neural networks in chest imaging concentrated on the detection and evaluation of pulmonary nodules and interstitial disease based on conventional chest radiography [7] [8] [9] [10] [11] and on the diagnosis of acute pulmonary embolism based on ventilation-perfusion scintigraphy [12, 13] . In most older studies, neural networks were trained with expert knowledge. For example, the radiomorphology of pulmonary nodules and the corresponding probabilities of malignancy were used as input [7] . The neural network gives the accurate or the most likely diagnosis [14, 15] . Only recent studies used digital data of chest radiography [8] [9] [10] or of CT [4] as input for the automatic detection of pulmonary nodules. To our knowledge, digital CT data have not been used as direct input for self-organizing neural networks to detect interstitial lung disease. The main reasons for this approach are flexibility and self-organization. These properties are advantageous in comparison with classic texture analysis (Bayesian analysis, classification of particular feature vectors, or cluster analysis) [16] [17] [18] , which has been applied for the segmentation of CT scans with various success rates [1, 16, 19] . Because these systems are dependent on particular trainers, users, and CT scanners, their use is not widespread. Conversely, self-organizing neural networks do not require an adequate and complete set of training patterns [20] , which would be extremely difficult to obtain for an extensive and amorphous texture like ground-glass opacity. These difficulties have already been stated as motivation for the application of neural networks [8] . Because of self-organization, minor adaptive changes are necessary only for the evaluation of scans acquired by different scanners.
The density range of ground-glass opacity has not been defined. From our experience and from reports in the literature, we selected values from -750 to -300 H. Additionally, ground-glass opacity has an extensive, contiguous, and amorphous appearance [21] . Our neural network started from the predefined density range but also correctly included areas on the basis of texture (an additional 20% of pixels). These pixels were not detected by the density mask, which was restricted to the predefined density range. The automatic detection of ground-glass opacities required a hierarchic system of multiple networks, operative fields, and filters that have already been successfully applied to other complex problems [13, 22] . Advantages of this system include the consideration of original density information and textural features, self-organization, and hierarchical structure.
On a per-patient and per-scan basis, our system had a sensitivity and negative predictive value of 100% for the detection of ground-glass opacity; for the area involved, the sensitivity and negative predictive value were 99%. These results fulfill the requirements (not to overlook any areas of groundglass opacity) for a screening preinterpretation tool. For this purpose, the neural network was slightly superior to the density mask with identical thresholds (sensitivity, 89%; negative predictive value, 98%). At the same time, specificity and positive predictive value of the neural network were clearly superior to the density mask, 83% versus 55% and 78% versus 18%, respectively. This improvement is sufficient to make the neural network acceptable for routine application.
Automatic detection of ground-glass opacity has advantages over subjective visual assessment. Neural networks work independently from viewing conditions such as window settings [21] , laser printer settings, ambient light, and underlying diseases that may cause heterogeneous lung density. In such cases, it may be difficult to decide whether the hypo-or hyperattenuating areas represent normal parenchyma [23] . Under these conditions, the output of the network can be used as a second opinion to increase specificity and diagnostic accuracy as has been shown for the detection of interstitial opacities [11] and for the differentiation of interstitial lung disease using chest radiography [15] . The visual assessment of ground-glass opacity comprises extent and severity and is highly interpreter-dependent. Conversely, the neural network provides an objective measure for ground-glass opacity. One could argue that the severity of ground-glass opacity is not adequately considered by the neural network. 
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However, the hierarchic structure of multiple networks facilitates and favors the detection of homogeneous areas with high edge contrasts, which correspond to a higher subjective severity rating. Therefore, the severity is represented in the segmented area.
Our study has some limitations. Segmented areas of extensive ground-glass opacity were up to 5% smaller than those identified by the radiologist, findings that represent systemic bias. This bias is caused by the hierarchic structure of the network, which favors a concentration on the core areas of ground-glass opacity together with a marked delineation between ground-glass opacity and denser structures such as vessels or pleura (Fig. 1) . This property will not affect the comparability of results among different patients or during follow-up examinations. The prevalence of ground-glass opacity in the study population (approximately 50%) reflects the diseases that are investigated by high-resolution CT. Because positive predictive value and negative predictive value are dependent on pretest probability, positive predictive value might be underestimated and negative predictive value might be overestimated.
The neural network was not able to overcome typical pitfalls in the detection of ground-glass opacities such as cardiac and respiratory motion artifacts. Partial volumes of bronchovascular bundles, chest wall, diaphragm, and pleura as well as air-tissue interfaces, which have the same density quality as ground-glass opacities, were the most frequent pitfalls. This pitfall has not been described in major publications because it does not pose a real problem to radiologists. Approximately 10% of the ground-glass opacities were attributed to simple dependent opacities. If groundglass opacities segmented by the neural network had always been regarded as abnormal, subsequent clinical treatment would have been different from that following the evaluation of the radiologist. Although neural networks are sufficiently accurate to be used for the preinterpretation of ground-glass opacities, the final diagnosis of pneumonic infiltrates, alveolitis, fibrosis, dependent opacities, or artifacts is the task of the radiologist.
